Human and machine visual sensing is enhanced when surface properties of objects in scenes, including color, can be reliably estimated despite changes in the ambient lighting conditions. We describe a computational method for estimating surface spectral reflectance when the spectral power distribution of the ambient light is not known.
INTRODUCTION
When evening approaches, and daylight gives way to artificial light, we notice little change in the colors of objects around us. The perceptual ability that permits us to discount spectral variation in the ambient light and assign stable colors to objects is called color constancy. Much of human color-vision research focuses on the adaptational mechanisms underlying color constancy. Yet, given the kinds of information available in the initial stages of biological vision, it is not known how color constancy is even possible. Indeed, without restrictions on the range of lights and surfaces that the visual system will encounter, color constancy is not, in general, possible. ' In this paper we describe an algorithm for estimating the surface reflectance functions of objects in a scene with incomplete knowledge of the spectral power distribution of the ambient light. We assume that lights and surfaces present in the environment are constrained in a way that we make explicit below. An image-processing system using this algorithm can assign colors that are constant despite changes in the lighting on the scene. This capability is essential to correct color rendering in photography, in television, and in the construction of artificial visual systems for robotics. We describe how constraints on lights and surfaces in the environment make color constancy possible for a visual system and discuss the implications of the algorithm and these constraints for human color vision.
PRELIMINARY DEFINITIONS
Consider a visual sensing device consisting of a lens that focuses light from a scene onto a planar array of sensors, analogous to a retina. We introduce the following definitions and assumptions. We begin by restricting attention to a region of the scene where the spectral power distribution of the light is constant. 2 At any location in the scene, the ambient light is specified by its spectral power distribution, E(X), which describes the energy per second at each wavelength, X. The ambient light is reflected from surfaces and focused onto the sensor array. The proportion of light of wavelength X reflected from an object toward location x on the sensor array is determined by the surface spectral reflectance, SX(X). The superscript x denotes the spatial position on the two-dimensional sensor array at which the object is imaged. 3 The light arriving at each location x on the sensor array is described by the function E(X)SX(X).
We assume that there are p distinct classes of sensors at each location x. In human vision, there are four photoreceptor classes (rods and cones), of which three (cones) are known to be active in daylight vision. We denote the relative wavelength sensitivity of the visual color sensors of the kth class as Rk (X) Each of the p sensors at location x records a sensor quantum catch
where the integral is taken over the entire spectrum. The information about the scene available to the visual system is contained in the p sensor quantum catches at each location x. The spectral reflectance at each location SX(X) is assumed to be unknown.
Given only the sensor responses pkx, we show how to recover the surface spectral reflectances SX(X) over a range of possible ambient lights E(X). Knowledge of SX(X) permits us to compute color descriptors that are independent of the ambient light E(X).
PREVIOUS WORK
In their early and important work on color constancy, Hel-. son and Judd 4 studied and formally modeled the ability of human observers to achieve this goal. Land and McCann 5 proposed a theory of color vision (the retinex theory) and a method for computing color-constant color descriptors given only the kinds of information available in the sensor responses. The retinex algorithm performs this task only under a limited set of physical conditions. 6 Buchsbaum 7 demonstrated that it is possible to compute color descriptors that are completely independent of the ambient light in an image if the average spectral reflectance of the objects in the image is known. Buchsbaum's result is the strongest that has been obtained until now. His result is useful for many applications, but it is of limited utility in visual sensing applications such as photography and satellite remote sensing in which it is not possible to know in advance the average spectral reflectance function of the objects in the image.
Our purpose here is to improve on Buchsbaum's result. We describe how to recover surface spectral reflectance from an image without knowledge of the average spectral reflectance function.8
MODELS OF LIGHTS AND SURFACES REFLECTANCES
We express surface reflectance as a weighted sum of basis spectral reflectance functions Sj(X) as suggested by Sillstr6m,l Buchsbaum, 7 and Brill, 9 n SX(X) = E cjrSj(X) (2) j=l and term this representation a linear model of surface reflectance. The basis reflectances are fixed. They do not vary with location in the scene and are assumed known. The number of basis elements, n, is referred to as the number of degrees of freedom in the model. Knowledge of the weights acr corresponding to a surface reflectance SX(X) described by the finite linear model amounts to complete knowledge of
SX(X).
Any finite set of surface spectral reflectances can be reproduced by a linear model of this kind if n is large enough. What is surprising is that models with only a few basis reflectances provide excellent approximations to many naturally occurring spectral reflectances. Stiles et al.' 0 suggest that spectral reflectances may be treated as band-limited functions. A collection of band-limited functions is perfectly captured by a linear model. The number of basis elements is proportional to the band limit.'" The range of limiting frequencies that they suggest corresponds to three to five basis reflectances in Eq. (2). Buchsbaum and Gottschalk' 2 demonstrate that band-limited reflectances generated using as few as three basis reflectances provide metamers to most naturally occurring spectral reflectances.
The Munsell collection includes color chips spanning a wide range of colors. Cohen' 3 used a characteristic vector decomposition of the spectral reflectances of 150 Munsell color chips selected at random from a full set of 433 chips to compute the linear models with from 1 to 5 basis reflectances that best approximated the surface reflectances of the Munsell chips.' 4 He found that a linear model using as few as three properly chosen basis reflectances captured 99.2% of the overall variance. He states that model reflectances generated by these three basis reflectances provided a good approximation to the spectral reflectances of the Munsell chips. Reflectances generated by these same three basis reflectances also provide good approximations to 337 surface spectral reflectances of naturally occurring objects measured by Krinov.1 5 We also represent the ambient light by a linear model,
with fixed, known basis lights Ei(X). It is natural to inquire how well such a model captures the range of spectral variation of natural lights such as daylight. Judd et al.1 6 performed a characteristic vector analysis of 622 functions describing the spectral distribution of natural daylight measured over a range of weather conditions and times of day.
They determined that, for practical purposes, three to four basis lights provide essentially perfect matches to the spectral distributions measured. The measurements by Judd et al. suggest that the number of parameters required to have an adequate linear model of the ambient light may often be small. Dixon and others have independently measured and analyzed spectral power distributions of daylight and drawn similar conclusions.' 7 (4) where px is a (column) vector formed from the quantum catches of the p sensors at location x. The matrix A, is p by n, and its kjth entry is of the form S E(X)Sj(X)Rk(X)dX. The matrix A, captures the role of the light in transforming surface reflectances at each location x into sensor quantum catches.
REFORMULATION OF THE PROBLEM
Various limits on surface reflectance recovery are dictated by Eq. (4). We consider the limits on recovery (1) when the light on the scene is assumed to be known and (2) when the light on the scene is unknown.
In the simple case in which the ambient light and (therefore) the lighting matrix A, is known, we see that to recover the n weights that determine the surface reflectance we need merely solve a set of simultaneous linear equations. The recovery procedure reduces to matrix inversion when p = n. If p is less that n Eq. (4) Any solution method must therefore resolve the unfavorable ratio of unknown parameters to observed data points. We do so by assuming that there are more classes of sensors than degrees of freedom in surface reflectances: p > n. Suppose that there are p = n + 1 linearly independent sensors to sample the image at each location spectrally. In this case from s different spatial locations s(n + 1) data values are obtained on the left-hand side of the equation. The number of unknown parameters is only sn unknowns from the different surface vectors and m unknowns from the light vector. After sampling at s > m locations we finally obtain more data values than unknowns.
In principle, then, the response of the n + 1 sensors can contain enough information to permit exact recovery of both the lighting parameter e and the surface reflectance ax at each location. Next we outline a method for computing the light e and the n-dimensional surface reflectance vector ax given the n + 1 dimensional sensor response vector px at each location.
COMPUTATIONAL METHOD
The ambient light vector c and the surface vectors ax contribute to the value of the sensor vectors in different ways.
The ambient light vector specifies the value of the light transformation matrix, A,. The matrix A, is a linear transformation from the n-dimensional space of surface reflectances ax into the n + 1-dimensional space of sensor quantum catches px. The sensor response to any particular surface, ax, is the weighted sum of the n column vectors of A,. Consequently, the sensor responses must fall in a proper subspace of the sensor space determined by A, and therefore by the lighting parameter e. Figure 1 illustrates the situation when there are three classes of sensors (p = 3) and two degrees of freedom in the surface reflectances (n = 2). In the particular example shown in Fig. 1 , the two-dimensional surface vectors span a plane (passing through the origin) in the three-dimensional sensor space. The light e determines the plane.
We propose a two-step procedure to estimate light and surface reflectances. First, we determine the plane spahning the sensor quantum catches: knowledge of the plane in Fig. 1 permits us to recover the ambient light vector e. Second, once we know the light vector E, we determine the lighting matrix A, and achieve our goal of recovering the surface vectors simply by inverting this transformation.
The exact mathematical conditions that must obtain in order for our procedure to yield the unique correct result are analyzed by Maloney.' 8 We have shown that the formal problem of estimating ambient light and surface spectral reflectance from image data may be reduced to a simple computational procedure. Our procedure is also applicable to the construction of automatic sensor systems capable of discounting fluctuations in the ambient light in unusual working environments.
In some natural scenes, the spectral composition of the ambient light varies with spatial location. The computation above can be extended in a straightforward manner to the problem of estimating and discounting a slowly varying (spatial-low-pass) ambient light. We will describe the details of how to do so elsewhere.
The recovery procedure that we developed is exact when the actual physical conditions fall within the bounds defined by the finite-dimensional models of lights and of surface reflectances. The method is readily extended to the case in which the finite-dimensional models only approximate actual lights and surface reflectances. We can no longer guarantee, for example, that the sensor quantum catches in Fig. 1 will lie exactly in the plane determined by the light. Under these circumstances, we estimate the plane that best fits the sensor quantum catches in the least-squares sense and derive an estimate of the light vector E. Given Ai, we continue by computing the best estimates of surface reflectance ax in the least-squares sense.' 9 Small deviations from the assumptions of the models produce small errors in estimation. 
IMPLICATIONS
Our calculation has several implications for human color vision. First, it suggests that perfect color constancy is possible only for ranges of lights and reflectances that can be described by a small number of parameters. The human visual system is known to have better color constancy over some ranges of lights than others. Our formulation provides a framework that may be used to determine, experimentally, the range of ambient lights and surfaces over which human color constancy succeeds and over which it fails.
We can test whether a linear model characterizes the range of lights permitting essentially perfect color constancy in human vision as follows. Suppose that the color appearance of a set of surfaces is preserved when measured with two ambient lights, say E(X) and E'(X). If the lights for which human color constancy succeeds form a linear model, then color appearance should also be preserved when the surfaces are viewed under weighted mixtures of the ambient lights E(X) and E'(X). Second, our results show how the number of classes of photoreceptors active in color vision limits the number of degrees of freedom in the surface reflectances that can be recovered. With three classes of photoreceptors, we can exactly recover surface reflectances drawn from a fixed model of surface reflectance with at most two degrees of freedom. Additional degrees of freedom in the surface reflectance will, in general, introduce error into the estimates of surface reflectance obtained, precluding perfect color constancy.
Third, the parameter counting argument indicates that a minimum number of distinct surface reflectances must be present in the scene to permit recovery. In the illustration of the solution above, at least two distinct surface reflectances are needed to specify the plane (which must pass through the origin) that determines the light. In general, at least p -1 distinct surfaces are needed in order to determine uniquely the light vector e. In the presence of small deviations from the linear models of light and surface reflectances, an increase in the number of distinct surface reflectances will, in general, improve the estimate of the light and the corresponding surface reflectance estimates. Our analysis suggests that color constancy should improve with the number of distinct surfaces in a scene. 20 Fourth, our algorithm may explain the reduced spatial sampling of the short-wavelength receptors in human vision. 2 1 Note that incorporating an additional sensor class reduces the spatial sampling density within any single type Once the light vector e has been estimated, we may calculate the inverse of the lighting matrix A,. Once thisjmatrix is known, the n + 1 quantum catches at each location are redundant: only n sensor values are needed to compute the value of ax. It follows that if the ambient light varies slowly across the scene, the n + 1th sensor class need not be present at as high a sampling density as the other sensor classes.
In a three-sensor system there is no need to place the third sensor with as high a spatial sampling density as the first two sensors. It follows that reducing the retinal space occupied by the short-wavelength sensor class permits the system to obtain a higher spatial resolution of the estimated surface spectral reflectance function with virtually no deterioration in its ability to correct for variation in the spectral power distribution of the ambient light.
